We find that momentum portfolio returns are still unexplainable after addressing two major concerns in the "Investment Manifesto" of Lin and Zhang [1]: lack of economic basis in risk factor models and aggregate data measurement error. Our model represents a synthesis of the exchange economy model of Lucas and closed economy exogenous growth model of King and Rebelo. We mitigate data measurement error by utilizing firm-level financial data and production functions rather than macroeconomic data and utility functions. Although our results fail to completely explain momentum, they are consistent with the "Investment Manifesto" suggestion that firm-level market-to-book and productivity are important factors in describing returns.
Introduction
The "Investment Manifesto" of Lin and Zhang [1] attributes the inability to explain anomalies such as momentum to a lack of economic basis in characteristic-based linear factor models and the inability to identify and accurately measure aggregate factors that affect all asset returns simultaneously. We agree with Lin and Zhang [1] that using returns to explain returns, e.g., the Carhart [2] winners minus losers (WML) factor to explain momentum or Fama and French [3] small minus big (SMB) and high minus low book-to-market (HML) to explain size and distress anomalies, is an "atheoretical, ad hoc, and mechanical approach".
One could argue that the market risk premium (MRP) of the capital asset pricing model (CAPM) is an identifiable and measurable proxy for aggregate market risk. However, the static CAPM is unable to explain many anomalies such as the size premium, distress premium, and momentum. This is largely due to necessarily time varying CAPM coefficients. Cochrane [4] shows that the derivation of the CAPM and connection to discount factor models imply time-varying coefficients. Intuitively, a firm's exposure to market risk can and will change over time due to changes in leverage, product mix, etc.
Lewellen and Nagel [5] argue that conditional CAPM models can not explain momentum for two reasons. First, the authors directly estimate conditional betas and find their variation too small to explain pricing errors. Second, from a theoretical perspective, the econometrician must know the "right" state variables that cause time varying coefficients. As such, conditional linear factor models are not testable since they are conditioned on observable values rather than the investors' information sets [4] .
In this paper we make an attempt to address the lack of economic basis and measurement error concerns of Lin and Zhang [1] . Our model represents a synthesis of the exchange economy model of Lucas and the closed economy exogenous growth model of King and Rebelo [6] . We derive an aggregate productivity (the ratio of aggregate production to aggregate capital) based marginal utility growth function from the first order conditions of the growth model. The new productivity based proxy overcomes the practical difficulties in utility function specification and low time variability of consumption data. Furthermore, we aggregate firm-level financial data from Compustat to mitigate measurement error associated with traditional macroeconomic time series.
Although our regression of momentum portfolio returns on our new productivity measure produces significant alphas, all betas in our model are significant. Furthermore, all HML betas are also significant in unconditional estimation of the momentum returns on the Fama-French three-factor model. The significant productivity and HML betas are consistent with the investment return equation of Lin and Zhang [1] that is based on firm-level productivity and market-to-book ratio. We believe these results support continued research focusing on the impact of firm-level productivity and market-to-book ratios on market returns.
Theoretical Foundations

Exchange Economy Model
The exchange economy model of Lucas [7] 
where t E is the time t expectations operator, t p is the price at time t , t c is the consumption at time t , β is the rate of time preference (subjective discount factor), and (3) is unobservable. In the next section, we derive an aggregate productivity based marginal utility growth function from the first order conditions of an economic growth model. That measurable proxy for marginal utility growth shall be substituted into Equation (2) and then tested empirically.
Macroeconomic Growth Model
The relationship between marginal utility growth and asset prices is represented by Equation (2) . Given the unobservable nature of utility, obtaining a correct utility functional form is elusive. In this section, a discrete time general equilibrium macroeconomic growth model based on that of King and Rebelo [6] is employed to arrive at an alternative function for marginal utility growth. This productivity-based function is utilized in subsequent asset pricing tests as a substitute for marginal utility growth. This substitution bypasses the difficulty in specifying a utility function and low variability of consumption data.
Choice of General Equilibrium Model
We use a general equilibrium (central planner) approach for several reasons. First, general equilibrium models allow both supply (firm) and demand (shareholder) interactions while partial equilibrium models treat one side as exogenous. For instance, macroeconomic theory and intuition suggest an increase in productivity (supply side), even if only temporary, impacts consumption (demand side). Second, Abel and Blanchard ( [8] , p. 683), who prove the equivalence of a central planner vs. market economy approach, state the general equilibrium (central planner) approach is "...very useful as it allows, when studying the effects of various shocks or policies, to use the equations of motion of the centralized economy with its unique shadow price rather than the equations of motion of the market economy with two shadow prices which themselves depend on market-determined interest rates."
Therefore the complexities associated with the inclusion of market-determined interest rates, which are beyond the scope of this study, are bypassed in the central planner approach. Again, the goal here is to establish a connection between marginal utility growth and productivity.
The Model
The model developed here follows the exogenous growth model of King and Rebelo [6] . Exogenous growth is introduced via labor augmentation consistent with Sala-i Martin ( [9] , p. 32) who states:
"...as Phelps showed, a necessary and sufficient condition for the existence of a steady state in an economy with exogenous technological progress is for this technological progress to be Harrod Neutral or Labor Augmenting"
As such, we specify the production function in Cobb-Douglas form:
where t Y represents output, t K capital input, t N labor input, t A the random productivity shock, and t X the deterministic component of productivity which grows at a constant (and exogenous) rate 1 γ > :
We chose the Cobb-Douglas production function for several reasons. First, by construction this production function exhibits constant returns to scale, consistent with the empirical findings of Jorgenson [10] . Therefore it is not subject to the scale or non-decreasing returns effects associated with endogenous growth formulations and allows for equivalence between marginal q and average q [11] . Second, the empirical evidence noted by Jorgenson [10] suggests the estimated elasticity of substitution for the CES production function is not significantly different from unity and therefore the CES reduces to Cobb-Douglas form. Third, Arroyo [12] suggests the CobbDouglas form is "probably more descriptive of aggregate technological conditions".
Maximization Problem
The infinitely-lived central planner maximizes discounted expected utility
where 0 t b < represents the rate of time preference, subject to several constraints. To begin, all output is either consumed or invested in this closed economy with no government presence:
In addition, capital stock evolves according to the "perpetual inventory method":
where δ represents the rate of depreciation. All variables are expressed in per-capita (population) terms. Labor market and wages are not the focus of this study therefore the labor input is normalized to 1 ( ) 
Solution
The first order conditions are:
We note that
and abstract away from explicit specification of random ( ) 1 t A + and deterministic ( ) 1 t X + components of productivity. As such, Equation (11) simplifies to:
Equations (10) and (12) are combined to reveal an alternative proxy for marginal utility growth:
Equation (13) provides a convenient and readily observable proxy for unobservable marginal utility growth. This function serves as a direct replacement for marginal utility growth in the Euler condition Equation (2) . The first order approximation of Equation (13) provides a linear discount factor for use in linear regression:
where t t t PROD Y K = is the time-varying productivity from Equation (13).
Cochrane [4] notes that discount factor models [ ] 
and we use this functional form later in subsequent empirical specifications. In sum, the exchange economy of Lucas produces the Euler condition in Equation (2) . The first order conditions of the macroeconomic growth model yield the productivity based marginal utility growth discount factor in Equation (13) . Substitution of the linear approximation of this new discount factor into the Euler condition represents the synthesis of the exchange economy and macroeconomic growth models. ( ) OCF is operating cash flow of firm i in period 1. The authors note the denominator in Equation (16) is nothing more than market-to-book. Therefore, market returns at time 1 are related to productivity during period 1 and the market-to-book ratio at time 0 (the time of purchase).
Lin and Zhang Two Period Model Comparison
Equation (16) ( )
The implementation difficulty is in identifying and accurately measuring the relevant aggregate risk factors f t X  that affect all firms in the economy. Examples of risk factors include aggregate productivity shocks, changes in government policy, war, and recessions. In this study our proxy for aggregate productivity includes shocks to productivity by construction. Our model does not include market-to-book ratios. However, we investigate market-to-book influences via loadings on the high minus low book-to-market factor in Fama-French three-factor model regressions. Table 1 summarizes the sources, frequency, and sample window of the data used in this study and Table 2 presents brief summary statistics. Sections 3.2 and 3.3 present more detail on momentum return and productivity time series data, respectively. Aggregate macroeconomic data are constructed by summing Compustat quarterly firm-level sales data to obtain output Y and net property plant and equipment to obtain capital K . We chose to aggregate firm-level financial data over downloading Bureau of Economic Analysis (BEA) macroeconomic data to mitigate measurement error referenced by Lin and Zhang [1] . Equity return data are obtained form the Kenneth French website and fixed income returns are obtained from the Federal Reserve Bank H.15 reports.
Data and Methodology
Data Sources
Momentum Evidence
Following Fama and French [14] , this study analyzes momentum portfolios with a 12-month formation period and one month holding period. Momentum return data are obtained from the Kenneth R. French website. We present mean daily returns for prior-return portfolios over several sample periods in Table 3 . There are several observations of note. Mean daily returns generally increase monotonically with prior 12-month performance with the exception of 2000-2012 (Column V). The 2000s, of course, are characterized by several unique events such as the dot com bust of 2000, the 2001 terrorist attacks, the financial market meltdown, and various sovereign debt crises. These adverse events had a significant impact on all stock returns and consequently momentum portfolio returns. The portfolio long on the best performing stocks (M10) and short the worst performing stocks (M01), UMD, is positive and significant for the entire sample (January 31, 1961 to December 31, 2012) and all subsamples except the January 1, 2000 to December 31, 2012 subsample (Column V). Looking to Column VI, mean daily returns increase approximately monotonically with prior 12-month performance. These univariate results are qualitatively similar to those of Chordia and Shivakumar [15] . We now have a suitable set of test assets for our momentum analysis. Table 3 reports mean daily gross returns expressed as percentage for value-weighted price momentum portfolios. Results are tabulated for sub-samples (Columns I through V) and the entire sample (Column VI). Portfolios are formed at the end of month 1 t − and sorted into deciles (M01 through M10) based on ascending prior 12-month returns. In addition, mean returns are reported for a portfolio (UMD) long on the highest prior return decile (M10) and short on the lowest prior return decile (M01). All portfolios are held for one month after formation period. p-values for all estimates are in italics. p-values are based on Andrews [16] heteroskedasticity and autocorrelation consistent (HAC) covariance matrices. Significance at the 5% level or better is indicated by bold estimates.
Aggregate firm-level financial data from Compustat over the 1962 Q1 to 2012 Q4 time period. Quarterly aggregate output Y is the sum of quarterly firm-level sales. Quarterly aggregate capital K is the sum of quarterly firm-level net property plant and equipment.
Productivity Time Series
We approach the macroeconomic data measurement error in a new way. Rather than use the traditional BEA macroeconomic data, we construct our own macroeconomic variables by aggregating firm-level data from Compustat. The Compustat dataset has 628,144 firm-quarter observations of NYSE, AMEX, and NASDAQ listed stocks over the 1962 Q1 to 2012 Q4 time period. The firm-quarter observations are aggregated by calendar quarter by summation with 3049 firms per quarter on average. The resulting aggregate sales and net property, plant, and equipment (net PP&E) are treated as aggregate output Y and capital K , respectively. The association of sales with output and PP&E as capital is straightforward. Note that we choose net PP&E over gross PP&E for consistency with depreciated capital K in Equation (6) of the macroeconomic growth model.
We note a possible relation between productivity and momentum profitability when looking at Table 3 and Figure 1 . Momentum profitability is higher in decades where productivity has increased. In the 1970s, the average UMD return of 0.0747% ( Table 3 , Column II) is higher than the full sample average of 0.0606% ( Table 3 , Column VI) and coincident with a rise in productivity. In the 1980s, the average UMD return of 0.0559% ( Table 3 , Column III) is below the full sample average and coincident with relatively flat productivity. In the 1990s the average UMD return of 0.0811% is higher than the full sample average and coincident with significant productivity gains. Finally, in the volatile 2000s, the average UMD return of 0.0299% is below the full sample average, statistically insignificant, and coincident with a decline in productivity. In sum, we have anecdotal evidence that non-declining productivity is coincident with higher momentum profitability. Table 4 reports results for the regression: and it R are the excess returns of 12 industry portfolios, 3 bond portfolios, and the CRSP value-weighted market index. The regression F-statistic is 2.55 with a p-value of 0.0014 and adjusted 2 R of 0.178. Significance based on t-tests at the 10%, 5%, 1%, and 0.1% levels are indicated by "+", "*", "**", and "***", respectively. The sample includes data from 1962 Q1 to 2012 Q4.
Daily Productivity Series Estimation
Compustat company financial data is lower frequency (quarterly) than momentum return data (daily). Given greater statistical power associated with more observations (higher frequency data) we convert the quarterly Compustat data to daily by employing the factor-mimicking-portfolio approach of Breeden et al. [17] and Cochrane [4] . The factor-mimicking approach captures the portion of PROD correlated with the test excess returns via a zero-intercept linear regression ( [4] , p. 16). We form a set of quarterly excess returns of twelve industry portfolios (using the Fama-French 12-industry designations), three bond portfolios (long term government, high grade corporate, and low grade corporate), and the CRSP value-weighted portfolio. The sample includes 204 quarterly observations from 1962Q1 to 2012Q4. Next we perform the regression 
where t PROD is the (mean adjusted) productivity time series, it R are the excess returns of the set of 16 assets in Table 4 , and i β is the weight associated with portfolio i . Elimination of the intercept allows us to capture the portion of our factor-mimicking portfolio that is correlated with the productivity time series t PROD . Following Breeden et al. [17] , Table 4 presents coefficients after scaling to sum to one hundred percent.
The results in Table 4 support the connection between our productivity function in Equation (13) and marginal utility growth. Non-durable consumption is often used as a proxy for marginal utility growth in logutility or constant relative risk aversion settings. We note the coefficient for non-durables (asset 1) is significant at the 10% level. Similar to BGL1989, we find large coefficients on long term government bonds (asset 13) and low grade corporate bonds (asset 15). The correlation between the fitted mimicking portfolio and the original productivity time series is 0.45, similar to the correlation of 0.57 between consumption growth and the associated factor mimicking portfolio of Breeden et al. [17] .
The estimated coefficients from Equation (18) are combined with daily returns for the 16 assets listed in Table 4 to form a daily factor-mimicking portfolio time series:
As shown in Cochrane ([4] , p. 109) FMP carries the same pricing information as PROD. We use this newly formed daily productivity time series in the following unconditional and conditional regressions.
Unconditional Asset Pricing Tests
Regressions are performed using generalized methods of moments (GMM) with standard errors corrected for heteroskedasticity and autocorrelation [16] . Ferson and Foerster [18] find two stage GMM estimation in larger (greater than 60 time series observations) and complex systems (ten or more moment conditions) tends to over reject. In such systems the authors suggest the use of an iterated approach. Given the size (over 13,000 time series observations) and complexity (ten assets) of our study, we employ the iterated GMM approach following Ferson and Harvey [19] and Ferson and Foerster [18] .
We perform the full sample unconditional regressions on the CAPM, Fama-French three-factor model (FF3FM), and the single factor productivity-based CAPM model (PCAPM) using our newly constructed factor mimicking portfolio time series ( )
We assess model fit by performing the J-test on a restricted regression ( ) 
Conditional Asset Pricing Tests
As mentioned in the Introduction, coefficients for the CAPM and similar linear factor models are necessarily time-varying. Identifying specific macroeconomic variables that cause this time variance is difficult. Following Lewellen and Nagel [5] we perform short-window regressions to directly estimate the time series of coefficients without having to identify and incorporate specific macroeconomic variables. Quarterly coefficient estimation based on daily return data produces the most significant results in Lewellen and Nagel [5] and we repeat that approach here.
We perform the short-window regressions on the CAPM, the FF3FM, and the PCAPM: 
Results
Unconditional Estimations
Results for the unconditional GMM estimation of Equations (20)- (22) are presented in Table 5 . All three models, the CAPM, the FF3FM, and the PCAPM, are rejected by the J test. This result is not surprising and is in fact predicted by Lin and Zhang [1] . However, there are several encouraging observations. First, we find that momentum portfolio returns are related to book-to-market (9 out of 10 HML coefficients hi . Finally, the spread between the long (M10) and short positions (M01) of the UMD portfolio is smaller for the PCAPM (0.0541) than both the CAPM (0.0643) and the FF3FM (0.0647). Note the significant alphas in Table 6 measure riskadjusted return while the returns in Table 3 are not risk-adjusted. Table 6 presents results for the short-window regressions of Equations (23)-(25). Our results are consistent with Lewellen and Nagel [5] : the conditional CAPM does not explain momentum portfolio returns. We expand on their findings by noting that alphas are significant in both the conditional CAPM and the conditional FF3FM. On a positive note, 9 out of 10 alphas are insignificant for the conditional PCAPM. The 2 χ value for the PCAPM model is higher than both the CAPM and the FF3FM models (129 for the PCAPM vs. 89.4 for the CAPM and 73.1 for the FF3FM). This is due largely to the highly significant M10 alpha, consistent with the unconditional estimation. Another interesting observation is that all PCAPM betas are insignificant in contrast to significant CAPM betas. Lewellen and Nagel [5] note the CAPM betas do not vary enough to explain anomalies. Although the PCAPM is rejected by the 2 χ statistic, the insignificant conditional betas suggest the PCAPM betas vary more than the CAPM betas. Also, we find the HML extreme portfolio betas hi β are insignificant in the conditional estimation. Again, the FF3FM is rejected but we have evidence that time variance in market-to-book ratios loadings is greater than that of traditional CAPM betas. Table 6 reports mean conditional alphas and betas of the CAPM, Fama-French three-factor model (FF3FM), and the productivity-based CAPM (PCAPM) applied to ten prior return portfolios. 
Conditional Estimations
CAPM
Conclusions
We find that momentum portfolio returns are still unexplainable after addressing two major concerns in the "Investment Manifesto" of Lin and Zhang [1] : lack of economic basis in risk factor models and aggregate data measurement error. Our model represents a synthesis of the exchange economy model of Lucas and closed economy exogenous growth model of King and Rebelo. We mitigate data measurement error by utilizing firmlevel financial data and production functions rather than macroeconomic data and utility functions. Although our results fail to explain momentum, they are consistent with the "Investment Manifesto" suggestion that firm-level market-to-book and productivity are important factors in describing returns. Specifically, we find evidence in support of the significance of productivity and market-to-book in pricing momentum portfolios. We observe significant productivity betas in unconditional estimations and J values that are lower in our productivity-based CAPM than both the traditional CAPM and Fama-French three-factor models. Second, in conditional estimations, we find that loadings on our productivity factor-mimicking portfolio vary more than those on the market risk premium of the CAPM. Turning to market-to-book, we find significant loadings on the market-to-book factor in the Fama-French three-factor model unconditional estimation.
In sum, we document productivity and market-to-book ratios are related to momentum portfolio returns at the aggregate level. Future research that incorporates firm-level market-to-book and productivity may move the literature closer to a more complete explanation of momentum portfolio returns and anomalies in general.
